Abstract-Multi-instance learning (MIL) has been widely applied to diverse applications involving complicated data objects such as images and genes. However, most existing MIL algorithms can only handle small-or moderate-sized data. In order to deal with the large scale problems in MIL, we propose an efficient and scalable MIL algorithm named miFV. Our algorithm maps the original MIL bags into a new feature vector representation, which can obtain bag-level information, and meanwhile lead to excellent performances even with linear classifiers. In consequence, thanks to the low computational cost in the mapping step and the scalability of linear classifiers, miFV can handle large scale MIL data efficiently and effectively. Experiments show that miFV not only achieves comparable accuracy rates with state-of-the-art MIL algorithms, but has hundreds of times faster speed than other MIL algorithms.
I. INTRODUCTION
During the investigation of drug activity prediction [1] , the multi-instance learning (MIL) framework was formally proposed and naturally applied to this problem. In contrast to traditional supervised learning, MIL receives a set of bags labeled positive or negative, rather than receiving a set of instances which have labels. In addition, instances in the MIL bags have no label information. The task of MIL is to train a classifier that labels new bags, and MIL has already been widely applied in diverse applications, e.g., image categorization [2] , text categorization [3] , face detection [4] , computer-aided medical diagnosis [5] , web mining [6] , etc.
Over the last few years, many effective MIL algorithms have been developed [7] . These algorithms achieve decent accuracy rates in different MIL applications, which might partly attribute to the fact that objects are represented as bags in MIL, which can naturally encode the original objects. However, directly processing and classifying the complicated bag representation means that the complexity of MIL's hypothesis space also becomes much larger. This fact leads to an undesired outcome: most existing MIL algorithms are usually time-consuming and incapable of handling large scale MIL problems. The real world applications of MIL, however, consistently request scalable multi-instance learning algorithms to handle millions of complex objects or examples (e.g., images, genes, etc).
In order to deal with large scale MIL problems, a natural idea is to convert the bag representation of an object to a simpler one, i.e., a vector representation. The conversion procedure should be very efficient and should keep as much information as possible, in order to achieve a scalable and accurate multi-instance learning machine. There have been some related methods in this line of research, including the CCE method [8] and the MILES algorithm [9] . However, as we will empirically show in this paper, neither the efficiency nor the accuracy of these methods is mature enough for handling large scale multi-instance learning problems.
In this paper, we propose an efficient and scalable MIL algorithm which is miFV (multi-instance learning based on the Fisher Vector representation). In miFV, bags can be mapped by its mapping function into a new feature vector representation. The major difference between miFV and CCE/MILES is that miFV encodes more information into the new feature vector. Moreover, miFV is efficient to compute, and leads to excellent results even with linear classifiers.
In consequence, thanks to the low computational cost and scalability of the mapping function and the linear classifiers, miFV can handle large scale MIL data efficiently. As shown by the results in our experiments, on small-and mediumscale MIL problems, miFV not only achieves comparable performances with state-of-the-art MIL algorithms, but has hundreds of, even thousands of times faster speed than these MIL algorithms. Moreover, on large scale MIL problems, the training process of most existing MIL algorithms did not terminate after a few days, while miFV can finish training within a few hours and achieve good classification accuracy.
The rest of this paper is organized as follows. In Section II, we introduce some related work about MIL. The proposed algorithm is presented in Section III. In Section IV, we present our experimental results. In Section V, we conclude the paper with discussions on future issues.
II. RELATED WORK
Many multi-instance learning algorithms have been developed during the past decade [7] , to name a few: Diverse Density, EM-DD, Citation-kNN, MI-Kernel, miSVM and MISVM, DD-SVM, MIBoosting, RIPPER-MI, MI-LR, MILES, MissSVM, miGraph, MIMEL, etc. These MIL algorithms solve MIL problems in diverse ways. For example, miSVM [3] is a SVM based MIL method, which searches max-margin hyperplanes to separate positive and negative instances in bags. MIBoosting [10] was proposed as a boosting approach for MIL with the assumption that all instances contribute equally and independently to a bag's label. miGraph [11] treats instances in bags in a non-i.i.d. way and solves MIL problems by graph kernels. Existing MIL algorithms have achieved satisfactory accuracy rates. However, most of them can only handle small-or moderatesized data, and only have limited scalability.
In order to deal with MIL problems more efficiently, some researchers had tried to solve MIL by using the similarity that represents the closeness of the bag to specific target points in the original instance space, e.g., DD-SVM [12] and MILES [9] . Some had tried to treat MIL as a special case of semi-supervised learning, e.g., MissSVM [13] . However, due to the bag representation of MIL, the complexity of the hypothesis space of existing MIL algorithms is still too large to learn very efficiently. And, handling large scale MIL data is not practical yet. For example, the MILES method took 1.2 minutes (i.e., 72 seconds) to learn on the Musk2 dataset, which is a small scale problem with only 102 bags [9] . 1 A more efficient MIL algorithm CCE [8] was proposed in order to solve MIL problems with lower computational complexity by using a histogram-based vector representation via constructive clustering. However, the information CCE extracts from bags is very limited when compared with the higher-order statistics in miFV, which makes its performance significantly worse than that of miFV. One related property of CCE is that in order to incorporate more information from the bag representation, CCE used an ensemble classifier based on multiple clusterings, which significantly increases its computational complexity and renders it incapable of handling large scale problems.
III. THE PROPOSED ALGORITHM
In this paper, we propose a scalable multi-instance learning algorithm, named as miFV (multi-instance learning based on the Fisher Vector representation). The method converts the bag representation into a vector form very efficiently, while maintaining useful information inside the bags, as will be verified by our experiments later in Section IV.
The FV (Fisher Vector) representation [14] is an approach in computer vision to encode a set of local patch descriptors extracted from one image, e.g., SIFT, into a high dimensional vector and to pool them into an image-level signature. Because of its efficiency, effectiveness and scalability, FV becomes state-of-the-art approach in computer vision and has shown excellent performances in many applications, e.g., large scale image retrieval and image categorization. Moreover, in these years, some studies illustrate its effectiveness and efficiency in both theoretical and practical aspects [14] .
An image is represented as a set of local patches. This set representation is related to, but different from the bag representation in MIL. In a bag of MIL, every instance has a label (although unknown during the learning process), indicating whether it is a positive or negative instance. In a set representation of an image, however, the local patches do not have semantic meanings. For example, in an image labelled as "tiger", none of the local patches extracted from this image can be treated as a "tiger". However, since FV maps a set of items into one single vector, we may borrow ideas from FV to implement scalable multi-instance learning.
Here, we first give an introduction to the Fisher Kernel, and then propose the miFV algorithm. 2 
A. Fisher Kernel Basics
The Fisher Kernel is a powerful framework which combines the strengths of generative and discriminative approaches to pattern classification [15] .
Let S = {s t , t = 1, . . . , T } be a sample of T observations s t ∈ S. Let p be a probability density function which models the generative process of elements in S with parameters λ. Then the samples S can be described by the gradient vector:
Intuitively, the gradient describes how the parameters p should be modified to better fit the data S. Note that, the dimensionality of G S λ only depends on the number of parameters in p, rather than on the sample size T . In other words, it transforms a variable length set S into a fixed length vector G S λ , which is amenable for the mapping function M f in miFV to map the bags with different numbers of instances into a fixed-length feature vector.
In [15] , the Fisher Kernel (FK) was proposed to measure the similarity between two samples S 1 and S 2 :
where F λ is the Fisher information matrix of p:
Since F λ is symmetric and positive definite, it has a (2) can be rewritten explicitly as a dot-product:
where
The normalized gradient vector presented in (5) is the Fisher Vector (FV). In consequence, using a non-linear kernel machine with the K F K kernel is equivalent to using a linear kernel machine with the FV (i.e., f S λ ) as feature vector.
B. Representing Bags with Fisher Vectors
Here we treat a bag X i as a sample S mentioned above. In the traditional multi-instance learning assumption, the instances in bags are independently and identically distributed. In the same way, the s t 's from S are generated independently by p. Thus, a natural choice of p is a Gaussian Mixture Model (GMM). We can estimate the parameters of the GMM p on the training bags using Maximum Likelihood Estimation (MLE). Pseudo code of miFV is shown in Algorithm 1.
We denote the parameters of the 
Because of the independence assumption and the GMM model, we can rewrite this equation as follows: (6) where the component p k denotes the k th Gaussian:
. (7) In addition, the mixture weights are subject to the constraint:
to ensure that p(x ij |λ) is a valid distribution. As assumed in [16] , the covariance matrices are diagonal and σ 2 k is the variance vector.
In the following, we describe how the mapping function M f in the miFV algorithm maps a bag into a Fisher Vector. The gradients of a single instance x ij w.r.t. the parameters of the GMM model, λ = {ω k , μ k , Σ k }, can be presented as
where γ j (k) is the soft assignment, which is also the probability for x ij generated by the k th Gaussian:
Note that, the division and exponentiation of vectors should be understood as term-by-term operations in (10)- (12) . After obtaining the gradients, the remaining step is to compute L λ . The methods proposed in [16] Map the bag X i into a FV f
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efficiently. Thus, the normalized gradients are presented as following [16] [14]:
Recall that the dimension of the instances in bag X i is d. We can find that f 
C. Efficiency and Scalability of miFV
As illustrated in the previous section, FV is efficient to compute. Moreover, there is no need to use costly kernels to implicitly project these very high-dimensional gradient vectors into a still higher dimensional space [16] , [14] . Hence, it leads to excellent accuracy rates even with linear classifiers. In the same way, miFV based on the FV representation is also computed efficiently to represent the bags with the FVs. In addition, linear SVM and stochastic gradient descent methods can solve large scale classification problems with a huge number of instances and features very efficiently. Because it is difficult to make formal complexity analysis of this complex framework, we empirically validate the efficiency and scalability of miFV in our experiments.
IV. EXPERIMENTS

A. Data Sets and Experimental Setup
Our experiments are performed on five MIL benchmark data sets, four moderate-sized data sets for image and document classification, and finally one large scale data set for video annotation. On these data sets, we compare miFV with six state-of-the-art MIL algorithms: MIWrapper [17] , CCE [8] , EM-DD [18] , miSVM [3] , MIBoosting [10] and miGraph [11] . In addition, Simple-MI is also a baseline method [7] , which represents a bag with the mean vector of all the instances in that bag. For Simple-MI and miFV, we take LIBLINEAR as the final linear classifier.
We first evaluate miFV on five benchmark data sets popularly used in the studies of MIL, including Musk1, Musk2, Elephant, Fox and Tiger. In addition, two famous categories, i.e., Course and Faculty, in WebKB are used in experiments. More details of these data sets can be found in [19] . On each of the seven data sets above, we run ten times 10-fold cross validation and report the average results.
As image categorization is one of the most successful applications of MIL, two image data sets (1000-Image and 2000-Image) for classification are also used in our experiments. We treat each image as a bag and employ the SBN bag generator [20] to extract instances/patches from each bag/image. For these image data sets, we use the same experimental routine as described in [11] . The experiment is repeated five times and the average results are reported.
Finally, we use a well known and large scale data set in computer vision, i.e., the development (DEV) set of TRECVID 2005 for the video annotation task, to validate the scalability of miFV. The data set contains 61901 subshots associated with one or more concepts in the 39 concepts. We treat each sub-shot as a bag and each frame in one sub-shot as an instance. Each bag/sub-shot obtains 11 instances/keyframes of 1000-dimention. We split the data set into three parts, i.e., training data, validation data and test data. These three parts have 40616, 9331 and 11954 bags, respectively. For each concept, if we treat it as the positive label, then the other concepts become the negative ones. Thus, we can get 39 MIL datasets, which are subproblems of the original dataset. For each subdataset, we build a binary classifier five times with five random balanced undersamplings to solve the class imbalance problem. Detailed characteristics of these data sets are summarized in Table I .
B. Accuracy Comparison
We first report the comparison results on the nine MIL data sets (i.e., all data sets except for TRECVID 2005) in Table II . As shown in the table, miFV achieves the best or the second best performance in almost all the cases. To have an overall evaluation of the performances of the algorithms over these nine data sets, we performed the Friedman test. As shown in Figure 1 , the average rank of miFV on these data sets is 1st, and miFV performs significantly better than Simple-MI, MIWrapper, CCE, EM-DD and miSVM. Meanwhile, it can achieve comparable performances with two state-of-the-art MIL algorithms, i.e., MIBoosting and miGraph.
C. Efficiency Comparison
Because our goal is to handle large scale MIL problems, it is crucial to study the efficiency of the proposed algorithm. We only report the time cost of training time in Figure 2 . The time cost of test time has almost identical trend of training time. Note that the vertical axes are shown in log-scale in these figures. All the experiments are performed on a machine with 4×3.10 GHz CPUs and 8GB main memory. Obviously, except for Simple-MI, miFV is the most efficient MIL algorithm on all the data sets. EM-DD is the most time-consuming one, followed by miSVM. For CCE, because it trains an ensemble of classifiers based on multiple clusterings, it is not efficient enough and even worse than EM-DD and miGraph on the four moderate-sized data sets. Compared with the accuracy-wise comparable algorithms, i.e., MIBoosting and miGraph, miFV has hundreds of times faster speed. Especially for the four moderate-sized data sets, the efficiency of miFV is more prominent than other state-of-the-art MIL algorithms.
D. Scalability
Here, we present the results of the large scale data set (TRECVID 2005) in Table III . Because this data set contains 39 subdatasets, we evaluate the general performances on six commonly used criteria: micro-averaged precision (mi.p.), micro-averaged recall (mi.r.), micro-averaged F-score (mi.f.), macro-averaged precision (ma.p.), macro-averaged recall (ma.r.) and macro-averaged F-score (ma.f.). We can find that miFV achieves the best performance on four criteria, especially on mi.f. and ma.f. in Table III . Due to their high computational complexity, the other five MIL algorithms could not return result in 48 hours, even for 25% sampling examples of the original training data. By contrast, miFV can return results in several hours.
E. Parameter Analysis
In practice, before using the mapping function in miFV, we can use Principal Component Analysis (PCA) to reduce noise within the original instances in bags, or reduce dimension of them if necessary. In addition, as aforementioned, miFV has one important parameter, i.e., the number of Gaussian components. In this section, we report the results of miFV with different parameter values in Table IV . We first fix the value of PCA energy on 1.0. As shown in Table IV , miFV can achieve the best performance in most cases when the number of Gaussian components is 1. Then, the value of the number of centroids is fixed. For the two image data sets, miFV achieves the best performance when we do not use PCA. However it can get the best performance when PCA is used on the two document classification data sets. That may be related to the noises in the document data sets, which can be overcome by using PCA to get better performance.
V. CONCLUSION
Multi-instance learning has achieved great success in applications with complicated objects such as image and gene categorization. However, existing MIL algorithms are usually time-consuming to deal with large scale problems. In this paper, we propose an efficient and scalable MIL algorithm, i.e., miFV, which transforms the bag form of MIL into a new feature vector representation. On one hand, miFV has hundreds of, even thousands of times faster speed than state-of-the-art MIL algorithms; on the other hand, miFV can achieve comparable performances with other MIL algorithms. In the future, it will be interesting to consider introducing label information into the bag re-representation process. 
